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Motivation
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• Sufficient heating power → Plasma enters H-mode

• H-mode → Higher pressure gradient 

• Higher pressure gradient → Edge localized modes (ELMs)

• ELMs → enhanced heat load on plasma facing components

• For large devices → unacceptable levels of erosion

• Thus, it is important to predict, measure and control ELMs
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The FDTD code
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• Full-wave code solves Maxwell’s and current 

density equations:
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• O-mode and X-mode possible

• Benchmarked against cold plasma theory

• OpenMP parallelized
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The background plasma profile
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• Background D-shaped plasma [2]:

o 𝑅 = 𝑅0 − 𝛽 + 𝛼 + 𝛽cos𝜃 cos 𝜃 + 𝛿 sin𝜃
o 𝑧 = 𝜅𝛼 sin 𝜃

• High elongation (𝜅), low indentation (𝛽) and 

triangularity (𝛿) plasma with 𝜅 = 2, 𝛽 = 0.1, 𝛿 = 0.3

• Radial (equilibrium) profile for pedestal shaping [3]:

o mtanh 𝑅, Ԧ𝑥 = 𝐿 𝑧 ℎ +
𝑎𝑤𝑧

4

o 𝑧 = −4
𝑅−𝑅𝑝

𝑤
, 𝐿 𝑦 =

1

1+𝑒−𝑦

▪ Ԧ𝑥 = [𝑅𝑝, ℎ, 𝑤, 𝑎]

▪ 𝑅𝑝: pedestal radial location

▪ ℎ: pedestal height

▪ 𝑤: pedestal width

▪ 𝑎: profile gradient beyond pedestal top

[2] J. Manickam, Nucl. Fusion 23, 5, 595-607 (1984) 

[3] Chris Bowman, Pedestal inference

https://pedestal-inference.readthedocs.io/en/latest/index.html


The edge perturbation
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• Pedestal shaping

o mtanh 𝑅, Ԧ𝑥 = 𝐿 𝑧 ℎ +
𝑎𝑤𝑧

4

o 𝑧 = −4
𝑅−𝑅𝑝

𝑤
, 𝐿 𝑦 =

1

1+𝑒−𝑦

• Edge density perturbation:

o ෤𝑛𝑒 = 𝐴 cos 𝑚𝜃 exp −
𝜌−𝜌0

Δ𝐸𝐿𝑀

2

o Controlled through amplitude (𝐴), mode 

number (𝑚) and width (Δ𝐸𝐿𝑀)

o Δ𝐸𝐿𝑀 ∝
1

𝑚
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The dataset
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• Microwave beam injected from top (O-mode)

• Beam power measured at red dotted line

• 3,000 simulations used

• Data split: 80% training – 20% test

• Parameter range:

o 𝐴 ∈ 0.01, 0.15

o 𝑚 ∈ 2, 30

• Parametrized profile is fed into the NN



The neural network
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• Functional API model built with Keras

• Input layer: Gaussian mixture parametrization 

of scattering power profile

o 9 parameters (3x peak, mean, standard 

deviation)

• NN maps input layer to edge perturbation 

profile 

o Output layer → 2 parameters (𝐴,𝑚)

• Current NN state

o 4 hidden layers

o 184 neurons

o Activation function → ReLu

o Optimizer → Adam

o Loss function → Mean Absolute Error (MAE)

Input layer Hidden layers Output layer



The NN performance
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MAE MAPE (%)

Train Test Train Test

Amplitude 𝑨 0.0149 0.0273 1.786 1.702

Mode number 𝒎 0.0138 0.0225 1.702 5.071

MAE: Mean Absolute Error

MAPE: Mean Absolute Percentage Error

• Good performance on both 

training and test data

• Loss ≈ Validation loss

o No bias

• Errors < 2% on training data for 

both 𝑨 and 𝒎

• On test data error < 2% for 𝑨 and 

≈ 5% for 𝒎

• Performance could be enhanced 

with better parameter tuning



The NN predictions
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• Predictions made on “test” data 

(unseen simulations from the NN 

during training)

• Most predictions lie in 𝑦 = 𝑥

• Only a few outliers

• Predicted profiles almost identical 

with true profiles



Summary and outlook
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• FDTD code used to simulate wave propagation 

to D-shaped plasma with added edge 

perturbation

• 3,000 wave power profiles created dataset for 

neural network

• Neural network successfully predicted the edge 

perturbation (amplitude, mode number) on 

unseen data with relatively low errors 

• Scale up plasma profile and simulation domain 

for experimental relevance 

• Use more realistic edge perturbation profile ─ 

ideally measured profile during an ELM event

• Tune neural network in order to enhance 

performance

• Extend FDTD code to 3D domain

• Train neural network on results from 3D 

simulations

Summary Outlook
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